Drought is one of the most costly natural hazards in Europe. Due to its complexity, drought 13 risk, meant as the combination of the natural hazard and societal vulnerability, is difficult to 14 define and challenging to detect and predict, as the impacts of drought are very diverse, 15 covering the breadth of socioeconomic and environmental systems. Pan-European maps of 16 drought risk could inform the elaboration of guidelines and policies to address its documented 17 severity and impact across borders. This work tests the capability of commonly applied drought 18 indices and vulnerability factors to predict annual drought impact occurrence for different 19 sectors and macro regions in Europe and combines information on past drought impacts, 20 drought indices, and vulnerability factors into estimates of drought risk at the pan-European 21 scale. This "hybrid approach" bridges the gap between traditional vulnerability assessment and 22 probabilistic impact prediction in a statistical modelling framework. Multivariable logistic 23 regression was applied to predict the likelihood of impact occurrence on an annual basis for 24 particular impact categories and European macro regions. The results indicate sector-and 25 macro region specific sensitivities of drought indices, with the Standardised Precipitation 26 Evapotranspiration Index (SPEI) for a twelve month accumulation period as the overall best 27 hazard predictor. Vulnerability factors have only limited ability to predict drought impacts as 28 single predictor, with information about landuse and water resources being the best 29 2 vulnerability-based predictors. The application of the "hybrid approach" revealed strong 1 regional and sector specific differences in drought risk across Europe. The majority of best 2 predictor combinations rely on a combination of SPEI for shorter and longer accumulation 3 periods, and a combination of information on landuse and water resources. The added value of 4 integrating regional vulnerability information with drought risk prediction could be proven. 5
probabilistic impact prediction in a statistical modelling framework. Multivariable logistic 23 regression was applied to predict the likelihood of impact occurrence on an annual basis for 24 particular impact categories and European macro regions. The results indicate sector-and 25 macro region specific sensitivities of drought indices, with the Standardised Precipitation 26
Evapotranspiration Index (SPEI) for a twelve month accumulation period as the overall best 27 hazard predictor. Vulnerability factors have only limited ability to predict drought impacts as 28 single predictor, with information about landuse and water resources being the best 29 vulnerability-based predictors. The application of the "hybrid approach" revealed strong 1 regional and sector specific differences in drought risk across Europe. The majority of best 2 predictor combinations rely on a combination of SPEI for shorter and longer accumulation 3 periods, and a combination of information on landuse and water resources. The added value of 4 integrating regional vulnerability information with drought risk prediction could be proven. 5 Thus, the study contributes to the overall understanding of drivers of drought impacts, 6 appropriateness of drought indices selection for specific applications, and drought risk 7 assessment. 8 9
Introduction 10
Drought is a natural phenomenon that can become a natural disaster if not adequately managed 11 (Wilhite 2000) . Unlike other natural hazards, it has a creeping onset and does not have a unique 12 definition (Lloyd-Hughes 2014), which makes defining the beginning or end of a drought event 13
difficult (Hayes et al. 2004 , Wilhite et al. 2007 ). Drought is either defined by its physical 14 characteristics: e.g. meteorological drought, soil moisture drought or hydrological drought (e.g. 15 Wilhite and Glanz 1985); or by its consequences on socio-economic and environmental 16 systems, i.e. its negative impacts (Blauhut et. al 2015a). These impacts can either be direct (e.g. 17 reduced crop yields) or indirect (e.g. increased costs for food due to reduced crop yields) and 18 can occur across a wide range of temporal and spatial scales. In the European Union (EU), more 19 than 4800 unique drought impact entries have been identified in the European Drought Impact 20 Report Inventory (EDII) across fifteen different impact categories from agriculture to water 21 quality (Stahl et al. 2016) and financial losses over the last three decades were estimated to over 22 100 billion Euros (EC 2007) . 23 To mitigate these impacts, until recently drought risk management at the pan-European scale 24 has predominantly focused on coping with financial losses, mainly through calamities funds, 25 mutual funds and insurances (Diaz-Caneija, 2009). Nevertheless, today's scientific consensus 26 points to the need to move from a re-active to a pro-active risk management strategy (Wilhite 27 et al. 2007 ). Rossi and Cancelliere (2012) stated that an advanced assessment of drought must 28 include firstly, an investigation of socio-economic and environmental impacts, secondly, multi 29 criteria tools to mitigate these and thirdly, a set of easily understood models and techniques for 30 application by stakeholders and decision makers responsible for drought preparedness planning. 31
The risk of natural disasters in a very general sense is a combined function of hazard and 1 vulnerability (Birkmann et al. 2013) . For drought risk analysis, risk may be estimated through 2 a combination of hazard measures and estimates of vulnerability or proxies of it. Cardona et al. 3 (2012) observed that "vulnerability and risk assessment deal with the identification of different 4 facets and factors of vulnerability and risk, by means of gathering and systematising data and 5 information, in order to be able to identify and evaluate different levels of vulnerability and risk 6 of societies -social groups and infrastructures -or coupled socio-ecological systems". Hence, 7 the assessment of the vulnerability component of drought risk is based either on vulnerability 8 factors or on past drought impacts, as these are considered to be symptoms of vulnerability 9 (Knutson et al. 1998) . 10 According to Knutson et al. (1998) , vulnerability assessments provide a framework for 11 identifying the root causes of drought impacts at social, economic and environmental levels and 12 measure a potential state, which will generate impacts if a given level of hazard occurs. 13 Vulnerability to drought, as the predisposition to be adversely affected by a given hazard (IPCC 14 2012), therefore is often assessed by the "factor approach", in which a set of vulnerability 15
factors (e.g. Swain only 57% of the studies actually describe the process followed to select vulnerability factors. 20 Among those, the criteria used include the consultation of previous studies and specialised 21 literature, data availability, and expert knowledge (Gonzalez-Tanago et al., 2015). The selection 22 of vulnerability -factors is guided by the focus of the study, the definition of drought applied, 23 the study location and data availability. Vulnerability factors are often combined and weighted 24 by expert knowledge and stakeholder interaction, to a single, overall vulnerability index 25 "Impact approaches" to vulnerability and risk assessment on the other hand, use information on 30 past drought impacts as a proxy for vulnerability, assuming that a system has been vulnerable 31 if it has been impacted. Drought risk is then considered the risk for a particular type of impact. in the EDII to characterise sector-specific vulnerability. Drought risk was then estimated as the 6 probability of impact occurrence as a function of the Standardised Precipitation and 7
Evapotranspiration Index. The function used was a fitted logistic regression model. The 8 estimated parameters could subsequently be used to generate a first set of pan-European 9 drought risk maps. The displayed likelihood of impact occurrence on the maps can be 10 considered "impact category specific drought risk" for selected hazard intensities. Stagge et al. 11 (2015b) and found that tradition as well as data availability are commonly the criteria to select the "most 27 appropriate" drought index. Drought severity or warning levels are commonly categorised into 28 arbitrary chosen hazard index thresholds such as those selected for the Standardized 29 Precipitation Index SPI (-1.5<SPI<-1: moderate drought, -2<SPI<-1.5: severe drought, SPI< -30 2: extreme drought, where negative values represents less than median precipitation) (McKee 31 et al., 1993) . Defining hazard severity thresholds that relate to potential impacts on socio-32 economic and natural systems, and thus the drought risk, is often left to expert judgement. 33 1 2 Data 2
Impact Information 3
Information on drought impacts are derived from the European Drought Impact Report 4 Inventory, EDII (Stahl et al., 2016 ; http://www.geo.uio.no/edc/droughtdb/). Since its creation 5 in 2012, this archive has grown significantly due to extensive data collection. Documentation 6 on the database's structure and categorisation scheme can be found on the website and in a Pan-7 European summary assessment by Stahl et al. (2016) . All reports archived in the EDII database: 8 a) describe negative impacts of drought on society, the economy, or the environment as reported 9 by a given information source, e.g. government report, any type of public media, b) are spatially 10 referenced, either to their respective NUTS (Nomenclature of Territorial Units for Statistics) 11 region or to locations such as rivers, lakes or coordinates, c) are time referenced to at least the 12 year of occurrence, preferably the season or month if given, and when possible assigned to a 13 major regional drought event and d) are assigned to one of 15 impact categories and an 14 associated number of subordinate impact types (105 in total). To guarantee a standard quality 15 of entries, each entry has been reviewed by an expert (Stahl et al. 2016) . 16 In May 2015, the EDII database contained over 4800 drought impact reports. to the year of occurrence. Figure 2 shows the timeline of annual drought impact occurrence for 3 all reported impact categories pooled for European macro regions. 4
Drought impact reports stem from various sources and are assigned with a certain level of 5 reliability, decreasing by its enumeration-rank: academic work, governmental reports and 6 documents, reports, media and webpages and other sources (Stahl et al., 2016) . The proportions 7 of impact sources by macro regions differ significantly. In both the Western-Mediterranean 8
and Maritime Europe regions, academic work and governmental documents are the dominant 9 sources of information (about 2/3). By contrast, EDII-entries for Northeastern Europe are 10 strongly dominated by academic work and the media (~ 90%). The majority of information 11 sources for Southeastern Europe are non-governmental reports and the media, which suggest 12 that Southeastern Europe may have the least reliable data. Explicit information is lacking that 13 would allow assigning an uncertainty flag depending on the source. Thus, in this study all 14 information sources were treated equally. Nevertheless, uncertainties due to the nature of the 15 impact data need to be discussed and considered in the interpretation of any study that are based 16 on this or similar sources of data. 17 
18

Hazard indices 19
Variables which describe drought hazard are numerous, and can be categorised into two main indicators and indices to a categorical hazard-severity index. For the purpose of this study, focus 29 is on drought indices that are commonly recommended (Stahl et al. 2015) , readily available, 30 monitored, and used operationally in Europe for drought monitoring (Table 1) . For the purpose 31 of this work, all drought indices (presented below) were first derived at the original grid scale 1 on a monthly basis for periods with the necessary data availability. To match the spatial 2 resolution of recorded impacts, these drought indices were aggregated to the NUTS-combo 3 scale ( Figure 1 can be associated with plant productivity and has therefore been recommended as an 28 agricultural drought index by the UN Global Climate Observing System (GCOS) and the FAO 29 Global Terrestrial Observing System (GTOS). However, fAPAR measures the photosynthetic 30 activity of the vegetation cover only, which can be due to drought but also related to factors 31 such as pests and diseases. It is therefore important to analyse the index in conjunction with 1 other indices in order to ensure the link to a drought situation. 2
The "Combined Drought Indicator" (CDI) (Sepulcre-Canto et al. 2012) generated by the JRC 3 represents a logical combination of several drought indices to detect the severity of 4 agricultural/ecosystem drought with a time step of 10 days. The method is a classification 5 scheme that corresponds to different stages of drought propagation from the initial precipitation 6 deficit, over a soil moisture deficit, to a water stress for the vegetation canopy. It is a logical 7 combination of the SPI for 1 and 3 months accumulation periods, ΔpF, and ΔfAPAR with 8 adjusted time lags. It results in four increasingly severe drought states: "Watch", "Warning", 9
"Alert","Alert2" , as well as two recovery states: "Partial recovery", "Full recovery". For the 10 purpose of our analysis the levels of recovery were neglected. For this study, monthly and 11 annual maxima within each NUTS-combo region were selected as further hazard indices 12 available for the modelling. 13 14
Vulnerability factors 15
The most commonly used method to assess vulnerability to drought or other natural hazards is 16 to employ a set of proxy factors, or composites of them. These factors aim at capturing different 17 issues that influence the level of vulnerability of a system to a given hazard, herein referred to and temporal resolution are shown in Table 2 . In summary, 69 vulnerability factors were 22 considered for analyses. Some datasets are listed multiple times, as they were created for 23 different spatial aggregations (e.g. "Population density" for NUTS-2 or country level), for 24 different timesteps (e.g. "Water use" for single or multiple timesteps), or related to different 25 spatial scales (e.g. "Area of agriculture" to "Area of agriculture" by NUTS-combo level). 26
Furthermore, individual components of combined vulnerability factors are analysed (e.g. 27 "Dams capacity" and "Groundwater resources" for "Dams + groundwater resources"). 28
For vulnerability data which did not have multiple time steps available, the most recent 29 information for the entire period of investigation was applied. Vulnerability data with multiple 30 timesteps was assigned to the corresponding year, and preceding years up to the next time step 31 available (e.g. available timesteps 1976, 1990, 2003,  1970-1976: 1976; 1977-1990:1990 ; 1
1991-2012: 2003). 2 3
Methods 4
The overall approach followed a series of steps to find the best logistic regression models. 5
Hereby one model is determined for each European macro region and impact category, using 6
annual impact occurrence as a target variable and corresponding hazard and vulnerability 7 observations as predictors. This is achieved by employing a regionally pooled set of target and 8 predictor variables that includes all NUTS-combo regions that lie within the macro region. 9 NUTS regions that did not have any reported impact or information on a given vulnerability 10 factor were disregarded.
Step 1 tested the predictors SPEI and SPI for the temporal aggregations 11 < 0.05) with AROC >0.5 indicate that the resulting model will be superior to random guessing, 1 but are still considered "poor" model performance (marked by a single star "*"). Significant 2 predictors with AROC >0.7 are considered "good" model performance ("**"), while significant 3 predictors with AROC >0.9 are considered "excellent" model performance ("***"). constant with a poor BIC, the factor was not added to the final MLRM and further vulnerability 5 factors were not analysed. A maximum of three vulnerability factors were included into the 6 resultant MLRM. 7
In Step 3 of the study, the resultant MLRMs were applied to construct drought risk maps that 8
show the likelihood of impact occurrence for three selected hazard levels, based on the standard 9 deviation from normal -0.5, -1.5, -2.5. The hazard predictors were all standardised indices 10 representing a certain hazard severity and likely frequency of occurrence. The definition of 11 drought severity for SPI, SPEI, ΔpF, ΔfAPAR is inspired by the definition of McKee (1993) 12 who assigned standard deviations from normal to hazard severity levels for SPI, with a 13 threshold of "1" corresponding to a return period of 6.3 years, classified as moderate drought, 14
and "-2" as extreme drought conditions. The final pan-European drought risk map presents the 15 LIO by best performing combination of predictors for fifteen impact categories and for three 16 hazard levels. For countries with a lack of sufficient vulnerability data (Table S1 ), LIO was 17 estimated using the best hazard-only model. 18 
19
Results 20
Distribution of drought impacts and impact characteristics 21
As shown in Figure 2 , the majority of the reported drought impacts occurred during well-known 
Suitable predictor variables for hazard and vulnerability 25
First, the individual predictors in binary logistic regression models, BLMs, were evaluated by 26 impact category and macro region. Data availability allowed the identification of robust BLMs 27 for all impact categories only for the Maritime Europe region. For Southeastern Europe the 28 impact category "Terrestrial Ecosystems", for Northeastern Europe "Water Quality", and for 29 the Western-Mediterranean "Terrestrial Ecosystems", "Air Quality" and "Human Health and 30
Public Safety" could not be modelled. All hazard indices performed differently across regions 31 and impact categories. Tables S2 to S4 show the model performance for the individual hazard 1 indices and the vulnerability factors. These detailed results are only briefly summarised here as 2 they only represent a preliminary screening step in the model building process. . 3
Among the indices used within the European Drought Observatory, the index ∆fAPAR 4 generally results in robust models during the growing season, but the annual average ∆fAPAR 5 appears not to be a suitable predictor. The ∆pF performs as the overall best predictor with 6 mostly "good" models between March and November and best overall performance of the 7 annual average of ∆pF. The CDI resulted in only few "poor" to "good" models. 8
For the indices of SPEI, a longer period of hazard data was available (1970-2012) than for the 9 EDO indices and hence overall better model fits were achieved. The best performing indices 10 (in terms of aggregation times) are more specific to the impact category than to the macro region 11 and tend to span from 6-12 month aggregation time. SPEI-12 performs with "good" to 12
"excellent" models for the majority of impact categories and macro regions from August to 13
September. In comparison to the other impact categories, few robust models were identified for 14 "Forestry" and "Public Water Supply". In general, SPI follows the similar performance pattern 15 as SPEI, but with consistently lower model performance and is therefore not shown in the 16 tables. To estimate the influence of longer time series for model input, Table S5 shows To identify patterns in the many vulnerability factor variables tested, Table S4 groups the  20 individual vulnerability factors by the vulnerability components of adaptive capacity and 21 sensitivity. In general, none of these obtained an "excellent" model performance. Factors 22 related to "Sensitivity" that characterise landuse and are based on multiple timesteps, such as 23 "Area of Agriculture", "Area of forest", "Area of semi-natural areas" and "Percentage of Area 24 of Agriculture" proved to be significant in many cases. In addition, robust model predictors for 25 all macro regions include "Dams and Groundwater Resources" and "Water related Participation 26 EC" for "Agriculture and Livestock Farming" or "Social relevance for services sector" for 27 "Energy and Industry". For the remaining vulnerability factors, no clear patterns were 28 detectable. Only few robust models could be identified. Predictive skill for vulnerability factors 29 such as: "GDP by country", "Public Water Supply connection by NUTS-2" or "Biodiversity, 30
Areas protected" was not found. The combined vulnerability factors resulted in few macro 31 region and impact category robust models. Impact occurrence for the categories "Aquacultures 32
and Fisheries", "Soil Systems", "Wildfires" and "Air Quality" were generally difficult to model 1 by vulnerability factors. 2
In summary, the drought hazard indices SPEI and SPI alone were better suited than the rather 3 static vulnerability factors alone to estimate the likelihood of annual drought impact occurrence, 4 and will therefore be treated as more important for the identification of best performing MLRMs 5 Out of the final 44 best-performing multivariable logistic regression models (MLRM), 18 10 models used the maximum of three vulnerability predictors, 14models used two, nine models 11 only one, and three models did not use any vulnerability predictor at all. For the majority of 12
MLRMs, two hazard predictors are used, whereas four models found that one hazard index 13 alone was sufficient to obtain the optimum model performance. 14 Table 3 
Mapping drought risk 7
For each impact category, a robust MLRM was identified for at least one macro region. Figures  8   4-6 show the results of applying these robust models for risk mapping, i.e. mapping the 9 likelihood of drought impact occurrence (LIO) for three times five sectors (figures and 10 columns) and three hazard severity levels (rows), in total 35 drought risk maps. Overall the 11 maps illustrate that with increasing hazard severity (from top to lower row), the spatial patterns 12 of LIO begin to diverge for each impact category, macro region, and NUTS-combo regions. 13
LIOs start with rather low values at low severity levels and increase as the hazard intensifies, 14 whereas the characteristics of drought risk differ with impact category and macro region. 
categories, for the growing season particularly. Thus, of the use of a fAPAR based seasonal 2 index in further studies appears promising. The combined index CDI, however, was not found 3 to be a good predictor of impact occurrence in our study. Given that its individual contributing 4 indices (∆fAPAR and ∆pF) performed generally well, and the fact that the CDI had been tested 5 successfully against quantitative impacts in the agricultural sector by Sepulcre-Cantó et al. 6 (2012), suggest that further studies should explore possible reasons for this poor performance, 7 e.g. through further sector specific data stratification. 8
Generally, the tests showed that the hazard-impact-linkage will benefit from longer time series 9
and thus a wider range of drought conditions. Furthermore, it was found that the overall better 10 performance of SPI and SPEI to JRC hazard indices was not due to the differences in time series observe that there are no European-wide data of water use efficiency, or data about alternative 1 water sources such as desalination, reused water or rainwater harvesting, especially in those 2 locations where these sources are important, such as the islands or tourist areas on the 3 Mediterranean coast. We found that vulnerability factor normalisation practices did not 4 improve the predictive potential model performance and composed vulnerability factors were 5 not better than individual ones. For an application like in our study, this can be interpreted as 6 meaning that prior standardisation, composition and weighting of vulnerability factors appears 7 unnecessary. 8 9
Building hybrid models with hazard indices and vulnerability factors 10
The stepwise procedure employed to find predictor combinations for the multivariable models 11 may have excluded possible similar or even better combinations. However, a full permutation 12 of all possible combinations was computationally too expensive for this study. Nevertheless, it 13 was possible to identify suitable models for most cases and the multivariable selection process 14 further elucidated joint important controls on drought risk. The majority of SPEIs selected for 15 final model application were combinations of SPEI with different accumulation times, often 16 short and long periods. The stepwise procedure showed that hazard indices with temporal 17 accumulations from three to twelve months generally performed best, depending on the region 18 and impact. These results confirmed previous case studies on best-combinations, e.g. by Stagge 19 et al. (2015b) , and common practice using combined drought monitoring indices, such as the 20 US Drought Monitor (Svoboda et al. 2002) . The majority of MLRMs also performed better by 21 adding at least one vulnerability factor suggesting that these can improve the predictability of 22 annual drought impact occurrence. The vulnerability factors selected are dominated by factors 23 associated with the vulnerability component of "Sensitivity". This could be explained by the 24 fact that adaptive capacity evolves much faster than sensitivity and the values of "Adaptive 25
Capacity" factors used in the models refer to present conditions while impacts span over a 50-26 year time period. Thus the poor performance of Adaptive Capacity indicators as predictors of 27 impact could be due to the mismatch between the adaptive capacity that existed when impact 28 occurred in the past and the one used in our models rather than their lack of relevance in absolute 29
terms. 30
The predictor selection was likely influenced by some of the particular biases and 1 characteristics of the underlying databases. The EDII's impact categories broadly pool impact 2 types of similar topics. Reported impact types within a category can be very different and 3 reported impact types can differ between countries (Stahl et al., 2015) . Using "Agriculture and 4
Livestock Farming" impacts as an example, the large range of SPEIs selected for the final 5 models (with regard to temporal accumulation and month) can be due to several reasons. These 6 may include differences in impacts in irrigated versus rain-fed agriculture. Whereas impacts on 7 rainfed agriculture are often described best by meteorological drought (short accumulation 8 periods), irrigated agriculture strongly depends on lagged hydrological drought (Pedro- Hydrological drought takes the longest time to respond to drought conditions. Accordingly, 27 impact categories for which surface-and ground water availability is important and often linked 28 to water quality (e.g. higher water temperatures due to low flow) ("Aquaculture and Freshwater 29
Fisheries", "Energy and Industry", "Waterborne Transportation", "Water Quality", 30 "Freshwater Ecosystems"), are best predicted by longer accumulation times (≥SPEI-9). Impacts 31 on "Public Water Supply" are generally poorly predicted by SPEI. Best performances are 32 obtained for long accumulation times (SPEI-24) indicating that impacts on water resources rely 1 on the storage characteristics (natural or artificial) and thus depend on a variety of conditions 2 that cannot be characterised by SPEI on the larger scale. Other impact categories show weaker 3 pattern, but in general show better results for predictions in summer. 4 This seasonal focus points to a related data challenge. The temporal resolution of reported 5 impacts, which often only refer to an entire season, year, or multi-year drought, does not allow 6 an identification of the onset, duration and ending of a given drought impact. The annual time 7 scale employed here is a compromise between a sufficient high number of reported impacts and 8 spatial coverage. Stagge et al. (2015b) showed that seasonal models can be constrained better, 9 but sufficient seasonal information on impacts was not available for all regions or countries 10 across Europe. Furthermore, in order to overcome data availability issues, Europe was divided 11 into four European macro regions to pool impact information, some of which may not reflect 12 regions with similar drought impacts and as such influence the model performance obtained 13 et al., 2015b). As with any data-driven approach, the presented risk modelling relies on the 7 quality and availability of its underlying data. Since its establishment, the EDII database has 8 been constantly growing and now contains data across Europe, covering the majority of major 9 past drought events (Stagge et al., 2013) . The database used here was also considerably larger 10 than that used in the previous Pan-European risk modelling study by Blauhut et al. (2015a) . 11
This increased database, as well as addition of vulnerability factors, led to some differences in 12 the resulting risk maps. Nevertheless, the updated EDII database still has certain biases and 13 characteristics (Stahl et al. 2016 ) that may affect the results of the risk models and maps this 14 study presents. One bias in the impact data is a decreasing data availability from West to East 15 and poor data availability in Northern Europe. Additionally, using binary information of annual 16 impact occurrence is less sensitive to these reporting biases than e.g. the number of reports or confirmed by this study. Regions with a high dependency on water resources for energy 6 production, such as Slovenia or Bavaria, are at higher risk of impacts in this category. As an 7 example, Slovenia's total energy production is based on ~55% hydropower sources and ~45 % 8 by thermal power plants (HEP 2009 ) and Bavaria (and also France) has several nuclear 9 powerplants. Quite contrary, Norway is at low risk for severe hazard conditions even though 10 about 98% of its energy production is by hydropower (Christensen et al. 2013) . A relative index 11
should be able to pick up deviations from normal inducing impacts on hydropower production. 12
Rather there must be some other reasons (e.g. regional averaging of the indices, pooling of 13 impact information to macro regions). Future work will require higher temporally and spatially 14 resolved impact information such as daily power production to solve this issue. Impacts on "Tourism and Recreation" can occur all over Europe and throughout the year, 26 whereas drought risk maps indicate comparably low risk for Spain, France, and Southeastern 27
Europe. However, this category incorporates a very wide range of impacts and for more 28 informative characteristics, a more detailed analyses of impact types or subjects, e.g. light 29
outdoor activities, freshwater and tourism and winter sports as used by Amelung and Moreno 30 (2009) may be required. 31 "Conflicts" caused by drought are reported over all of Europe and affect a wide range of interest 1 groups such as farmers, fishers, golfers or citizens. However, the risk for these resource 2 conflicts is elevated in southern Europe's water scarce regions, regions with high proportion of 3 irrigation in agriculture, and regions with a high Water Exploitation Index (EEA, 2015). 4
The presented hazard severity levels are based on an arbitrary choice inspired by McKee (1998) 5
and cannot be used as fixed threshold. In accordance with Blauhut et al. (2015a) and Stagge 6 (2015b), it should be highlighted that drought risk is sensitive to impact category and location, 7
and develops very differently with increasing hazard severity (deviation from normal). Thus, 8 common overall severity thresholds are not recommendable. as well as a good coverage of vulnerability factors are crucial to obtain meaningful models. In 22 regions where data are scarce, modelling may be biased due to the limited information available. 23 Hazard indices were confirmed to be impact-sector-sensitive and should thus be selected 24 carefully to enable the characterisation of different drought causing impacts. Here the 25 distinction was mainly made through using different accumulation times of SPEI. However, 26 hydrological drought indices based on streamflow, groundwater, reservoir levels, etc. may also 27 improve the drought impact models. 28
Generally, the addition of vulnerability factors improved the performance of the empirical 29 drought risk models and for many impact categories, it added plausible spatial details to the 30 drought risk. Since only vulnerability, and not hazard, can be reduced through active measures, 31 a modelling exercise as presented here can shed light into possible opportunities for risk 32 reduction. The collection of relevant data at a high resolution and at regular interval is key to 1 advance the refinement of the assessment and the use of such maps for drought management. 2 Present impact categories pool a wide range of impact types and further studies may want to 3 evaluate the use of more specific impact types. Further, to overcome impact data scarcity, 4 pooling of regions into larger macro regions based on an existing classification was necessary. 5 A more specific classification could improve future applications. As also shown in smaller scale 6 companion studies, generally, the smaller the region, the higher is the chance for appropriate 7 impact detection and the better the impact-hazard relation can be quantified. Nevertheless, the 8 larger, regional level applied in this study provide an important scale to explain regional 9 differences of drought risk on a continental scale. Additionally, it provides ideas for further 10 improvements towards a quantitative drought risk assessment with the potential to be adapted 11 to larger scale or refined to focus on specific aspects of drought risk for the region in question. Industry, and Waterborne transportation (columns) for three hazard levels of SPEI with -0.5: 4 "near normal", -1.5: "severely dry", -2.5: "extremely dry" (rows). categories Soil System, Wildfires, Air Quality, Human Health and Public Safety and Conflicts; 8 (columns) for three hazard levels of SPEI with -0.5: "near normal", -1.5: "severely dry", -2.5: 9 "extremely dry" (rows). 10
